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ABSTRACT Ultra-Wide Band (UWB) radar has a number of advantages of resolving multipath, exceptional
spatial resolution, and ranging performance. However, several difficulties are confronted for multiple target
tracking using UWB radars such as clutter signals which contaminate target signals, and unidentified number
and behavior of the targets. Hence, this paper presents to develop amultiplemoving target tracking algorithm,
consisting of preprocessing and multiple target tracking steps. In the preprocessing step, static clutter
reduction and constant false alarm rate (CFAR) detection extract the target candidate range measurements
from each UWB radar. Then, two multiple target tracking (MTT) steps are developed: range- based MTT
and position-based MTT. The range-based MTT is mainly based on existing linear multi-target integrated
probabilistic data association (LM-IPDA) from each UWB radar measurement. Then the outputs of each
LM-IPDA are gathered in the positioning center to estimate the position of multiple targets. On the other
hands, the position-based MTT is based on multiple sensor LM-IPDA (msLM-IPDA) as an accurate target
tracking method for various uncertainties by improving the probabilistic model of LM-IPDA. The tracking
performance of two MTT methods is investigated with both numerical simulation and experiments.
INDEX TERMS UWB, IR-UWB radar, multiple target tracking, probabilistic data association, LM-IPDA,
localization.
I. INTRODUCTION
Recently, a number of applications require information on the
target position for rescue, surveillance, and monitoring, etc.
In particular, passive approach systems such as sound nav-
igation and ranging (Sonar) and light detection and ranging
(Lidar), have advantages of standalone and low cost because
of no supplementary device. However, most passive approach
systems are often degraded by environmental interferences.
On the contrary, active approach systems such as Ultra-Wide
Band (UWB) radar has a number of advantages of resolving
multipath, mitigating obstacles [3], etc. Impulse Radio UWB
(IR-UWB) technology offers an exceptional spatial resolu-
tion and ranging performance because of the transmission
The associate editor coordinating the review of this manuscript and
approving it for publication was Pinjia Zhang .
of a few nanosecond duration pulses. Moreover, it provides
low power consumption and through-wall detectability [4].
The UWB radar has gained increasing attention in a number
of applications such as vital sign detection [5], through-wall
target tracking [6], [7], and gesture recognition [8]. How-
ever, a number of complexities to track multiple targets are
confronted due to the unidentified number and behavior of
targets.Moreover, clutter signals from undesired sources such
as moving obstacles, thermal noises, or multipath effects
contaminate the target signals, so that it becomes difficult to
identify and track the true target measurement.
Data association algorithms deal with measurement
(belongs to target and clutter) to track association where
each track is initialized based on a two-point initialization
technique [9]. Single target tracking (STT) algorithms such
as Probabilistic Data Association (PDA) [9] and Integrated
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PDA (IPDA) [10] do not deal with a possibility of a mea-
surement that may have originated from a target not being
followed by other tracks. Thus, STT algorithms cannot be
applied for multi-target tracking in the UWB radar system.
On the contrary, multi-target tracking (MTT) algorithms such
as Joint PDA (JPDA) [11] and Joint IPDA (JIPDA) [12]
involve joint data association procedure. The joint data asso-
ciation generates all feasible joint (shared) measurement-
to-track association postulates being followed by other tracks.
The number of feasible joint measurement postulates grows
combinatorically with the number of tracks and the number of
measurements involved. Hence, it is difficult to apply a joint
data association algorithm in a real-time tracking system. A
linearmulti-target (LM) approach to overcome the difficulties
has been developed in [13] which enables the tracking system
to avoid entire process of joint data associating, allowing the
tracking system to function as a single target tracker. The LM
algorithm, for example, LM-IPDA [13] modifies the clutter
measurement with other targets (foreign targets) measure-
ment being followed by other tracks. Thus, when updating
one track, other targets being considered as a modified clutter
measurement. Therefore, the LM is beneficial to apply in the
real-time tracking system due to its low computational time
consumption and accuracy in estimation.
In case of multi-static structure UWB radar systems (or
other ToA based system), range measurements from each
UWB radar are used to estimate target positions by a mul-
tilateration. The probabilistic model depends on whether
the state of the MTT is range or position. In the case of
range-based MTT, the LM-IPDA is applied to track the
range between the UWB radar and targets using target can-
didate range measurement in each UWB radar. Then the
tracked ranges from each UWB radar are gathered in the
positioning center to estimate positions of the multiple targets
by multilateration. For position-based MTT, on the other
hand, target candidate range measurements from each UWB
radar are gathered in the LM-IPDA like MTT algorithm as
measurements. The algorithm tracks the positions of multi-
ple targets based on the relationship between the state and
measurements. However, the existing LM-IPDA cannot be
applied to the position-based tracking since the LM-IPDA is
a single-sensor MTT algorithm. Therefore, multiple sensor
LM-IPDA (msLM-IPDA) is proposed for robust and accurate
tracking performance.
In [14], a single target detection algorithm in two-
dimension is developed by using Kalman filter (KF) static
clutter reduction and CLEAN detection algorithm. Extended
KF (EKF) and Unscented KF (UKF) are used for target
tracking. The results of accuracy as root mean square error
(RMSE) are 0.24 and 0.23 meters, respectively. In [15]
and [16], multi-target positioning and respiration detection
algorithm using three UWB radars is developed to detect
positions and respiration signals of multiple static targets.
Firstly, the respiration signals are detected by signal process-
ing in frequency domain for reducing false alarms. Then, tar-
get detection is performed by a maximum likelihood method,
which explores all possible combinations for data association.
The positioning accuracy in three static target case is around
0.3 meters, but the accuracy varies according to the number
of targets, positions of targets, and other parameters. In [17],
the MTT algorithm based on the Gaussian mixture probabil-
ity hypothesis density filter is developed. In this algorithm,
four UWB radars are used in a distributed multi-static struc-
ture, and two targets are used for verifying the performance
of the MTT algorithm with 0.25 meter accuracy.
This paper develops a novel multi-target tracking sys-
tem based on multiple sensor linear multi-target integrated
probabilistic data association (msLM-IPDA) using bistatic
UWB radar system. The MTT algorithm is designed as two
steps: preprocessing and multiple target tracking step. First
in a preprocessing step, KF static clutter reduction and cell
averaging constant false alarm rate (CA-CFAR) detection
methods are utilized to extract target candidates. Then, two
different MTT algorithms are investigated to track multiple
targets with two probability models. One is a range-based
MTT utilizing the existing LM-IPDA. To apply the LM-IPDA
to the range-basedMTT, multiple LM-IPDA as the number of
UWB radar should be applied. The other is a position-based
MTT algorithm referred here to asmsLM-IPDA. The tracking
performance of the msLM-IPDA is demonstrated in both
numerical simulation and experiments with UWB radars. The
results show the msLM-IPDA is able to track multiple targets
accurately and robustly in practical scenarios.
II. MULTI-TARGET TRACKING ALGORITHM
Fig. 1 shows the overall flowchart of both range-and
position-based target tracking algorithms using UWB radars.
The algorithm is mainly divided into two steps: preprocessing
and multiple target tracking step. The UWB radars transmit
signals to receive the reflected signals from targets as well
as clutters in each scan. In a clutter environment, the tar-
get candidate signals are detected by the preprocessing step
consisting of static clutter reduction and CFAR detection.
Once the ranges of the targets from the UWB radars are
computed, the position of the targets can be estimated by
multilateration and tracked by either range- or position-based
MTT algorithm.
Suppose that the UWB radar receives reflected signals
and stores them in each frame, typically called radar scan
with m samples. The radar scan stores information of signal
strength with respect to the sample number denoted as r[m].
In addition, the radar scan includes not only signals from the
target, rt [m], but also signals from various clutters, rc[m],
and additive noises, rN [m], as expressed in (1). Therefore,
it is essential to extract target signals from the radar scan for
accurate positioning computation.
r[m] = rt [m]+ rc[m]+ rN [m] (1)
A. PREPROCESSING STEP
The static clutter reduction method using the KF is able
to track the signals from static clutter and extracts signals
from moving targets in each radar scan in (1). The signals
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FIGURE 1. Overall flowchart of multi-target tracking algorithms.
from stationary objects such as background walls generate
stationary amplitude and propagation delay. The state and











where XCRk is static clutter signal, i.e., X
CR
k = rc(k)[m], Z
CR
k
represents the radar scan in scan k , i.e., ZCRk = r(k)[m], F =
Im×m, H = Im×m, and Im×m is an identity matrix. wCRk−1 and
vCRk are the process and measurement noises.
The radar samples with a larger amplitude than that of
reflected from various backgrounds should be figured out
for extracting target signals. However, the signal strength
varies with respect to time in practice. Therefore, an optimal
threshold in the amplitude should be used to avoid data loss or
miss detection. The threshold can be determined adaptively to
the signal using CFAR detection. CFAR detection is a general
adaptive algorithm in radar fields to detect the target returns
against background noises and clutters in [18]. In particular,
Cell Averaging CFAR (CA-CFAR) in [19] is applied to the
static clutter reduced signals expressed in (2).
CA-CFAR detection utilizes a sliding window composed
of three cells: reference cell (RC), guard cell (GC), and cell
under test (CUT), as shown in Fig. 2. The signal processing
from each cell can be expressed in (3) to (5). Fig. 3 represents
an example of the CA-CFAR processing to the UWB radar
measurement. The static clutter reduced signals from (2) are
injected as inputs of the CA-CFAR as a blue line. Then the
optimal threshold can be calculated as a black line, and the
signals which have larger amplitude than the threshold are











cCFAR = N (P
−1/N
FA − 1) (4){
d1 = 1, for avg(XCUT ) ≥ cCFARPn
d1 = 0, for avg(XCUT ) < cCFARPn
(5){
d2 = 1, forXd1=1 ≥ mean(cCFARP(n=1,··· ,m))
d2 = 0, forXd1=1 < mean(cCFARP(n=1,··· ,m))
(6)
FIGURE 2. Block diagram of CA-CFAR detection.
FIGURE 3. CA-CFAR process to UWB radar measurement.
where Pn is the average noise amplitude, N , NG, and NCUT
are the number of samples in RC, GC, and CUT respectively,
andNC is the sum of 2NG andNCUT . The amplitude of signals
is denoted by X , PFA is a desired false alarm rate, and d is a
Boolean index for detection.
B. MULTIPLE TARGET TRACKING STEP
The radar signal is easily contaminated with moving clutter
signals and noise in the target signal candidates in spite of the
static clutter reduction and CFAR detection. Moreover, it is
difficult to identify the source signal of target and measure-
ment origin. Hence, a data association algorithm should be
applied to associate measurements from themoving targets as
well as clutter signals. However, if the targets are stationary,
the reflected signals from the targets cannot be distinguished
in the preprocessing step. Consequently, the target measure-
ment candidates for the MTT cannot be detected, hence the
MTT tracker judges there is no target. In addition, if the
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FIGURE 4. Concept of the range- and position-based MTT algorithms.
moving target goes into stationary state, the MTT tracker
judges the target tracks become extinct. Therefore, if the sta-
tionary target tracking is necessary, it is possible by removing
the static clutter reduction method in the preprocessing step
with more than three UWB radars.
Fig. 4 illustrates both range-basedMTT and position-based
MTT. Indeed, the UWB radar provides only the distancemea-
surements, not a bearing angle. Hence, more than two UWB
radars are required to track the 2D positions of moving tar-
gets. The range-basedMTT algorithm based on the LM-IPDA
associates the rangemeasurement from eachUWB radar indi-
vidually. Hence, the LM-IPDA is performed as many as the
number of UWB radars. For example, the range-based MTT
is utilized to track the target 1 (T1) using UWB 1, as shown
in Fig. 4. All measurements from targets/clutters within Area
1 are considered as target candidates because the bearing does
not provide. In other words, both T1 and T2 are considered
as target candidate. It is vulnerable to miss-tracking. On the
other hands, the position-based MTT algorithm based on the
msLM-IPDA associates the range measurements from all of
the UWB radars simultaneously to track the position of tar-
gets. Unlike the range-based MTT tracking T1, the measure-
ment from both UWB 1 and 2 are used simultaneously from
the targets and clutters within Area 3 (red dashed area) as
target candidates. Hence, the position-based MTT algorithm
could have robustness against miss-tracking.
1) RANGE-BASED MTT ALGORITHM (LM-IPDA)
The state vector of the range-based MTT algorithm is the





T , where rτk and
ṙτk are the k
th distance between the target τ and the UWB
radar and its first derivative, respectively, expressed in (7).
xτk = Fkx
τ
k−1 + wk−1, (7)
where Fk is a kinematic propagating model detailed
in Table 1, τ indicates the track label as well as target label,
wk−1 is a process noise which has a white Gaussian and
covariance matrix Qk−1 = q[T 4I2×2/4, T 4I2×2/2; T 4I2×2/2,
T 2I2×2], q is a scaler which represents the acceleration uncer-
tainty in process noise model, and T is a sampling time
interval.
The range measurement, Zτk , is calculated by the propa-
gation delay of target candidates, obtained in (6), multiplied
TABLE 1. Differences between Range-based and Position-based MTT
Algorithms.
by a speed of light. The measurement model for range-based
MTT can be expressed in (8).
Zτk = Hkx
τ
k + vk (8)
where Hk is a measurement matrix in Table 1, and vk is
a measurement noise which has zero-mean and covariance
matrix Rk .
Fig. 5 shows the LM-IPDA algorithm composed of five
steps: track initialization, prediction, measurement selection
(gating), data association, and update (merging). The tracks
are initialized using each pair measurement received from
two consecutive scans by a two-point track initialization
technique [10].
In prediction, the a-posteriori probability density func-
tion (pdf) of the target track state p{xτk−1| χk−1
τ , Zk−1},
and target existence probability p{χk−1τ | Zk−1} where χk−1
denotes target existence event in k-1 scan are propagated
to k scan by the KF propagator in (9), and Markov Chain














k|k−1 are the a-priori state and its covariance
in the k th scan. x̂τk−1|k−1and P̂
τ
k−1|k−1 are the a-posteriori
state and its covariance in k-1 scan, respectively.
In measurement selection, the measurement set is selected
within a probability distance radius of the a-priori state not
only to reduce the computing load, but also to remove the
effect by other targets or clutters. A validation measurement
selection criterion in (11) is used to select a subset of mea-
surement zτk from (8) with respect to the associated track τ .
The validation threshold, σ , is used to specify the validated
measurements in the validation gate and can be calculated
from the gating probability, PG in (12).
(Hk x̄τk|k−1 − Zk,i)
TS−1k|k−1(Hk x̄
τ
k|k−1 − Zk,i) ≤ σ (11a)




k + Rk (11b)
PG = 1− e−0.5σ (12)
where Zk,i denotes the ith measurement in k scan. The
measurement likelihood of selected measurement by (11),
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FIGURE 5. Flowchart of LM-IPDA algorithm.
associated with the track τ is calculated in (13). The measure-
ment likelihood of selected measurement by (11), associated












where lk,iτ represents the ith measurement likelihood. zτk,i
indicates the ith selected measurement.
In the data association step, data association probabilities
with respect to each track are firstly calculated by assuming
that the measurement zτk,i assigned to track τ is the detection
of target τ , and has a-priori probability in (14). Secondly,
assume that other tracks are following the clutter measure-
ment. Thus, when updating the current track τ based on zτk,i,
the clutter measurement is modulated with a-priorimeasure-
ment being followed by other tracks that can be subsequently
ignored.












where ρτk is a clutter measurement density, nk is the number
of the selected measurements, and PD is the probability of
detection. The modulated clutter measurement density τk,i












where τn is the number of tracks except τ th track and denom-
inator term in (15) defines the a-priori probability that the
ith selected measurement associated with tracking η is not
originated from the target τ .
In the track update step, the modified clutter measurement
density from (15) is used to calculate the track likelihood
ratio and the data association probabilities in (16) and (17),
respectively.














, i > 0
(17)
The a-posteriori probability of target existence is updated
using the track likelihood ratio from in (18).










The a-posteriori pdf of target track state, p{xτk |χ
τ
k , Zk} is
calculated by the KF estimator, KFE, based on the validated
measurement in (19). Each track state estimate and its covari-
ance are merged by using the data association probability as



































Finally, the tracked range from multiple LM-IPDA are
gathered in the positioning center to estimate the positions
of the targets by using EKF positioning. The state of EKF
positioning is the positions and the velocities of targets,
XPk = [xk , yk , ẋk , ẏk ]
T , and the measurement is the tracked
range data which is the result of LM-IPDA. Hence, the kine-
matic model and measurement model are the same as the case
of the position-based MTT algorithm.
2) POSITION-BASED MTT ALGORITHM (msLM-IPDA)
The state vector of the position-based MTT algorithm is 2D









T , expressed in (7)
where the kinematic model Fk is noted in Table 1. Since the
relationship between the state and measurement is nonlinear,
the nonlinear measurement model hk,j(xτk ) can be expressed
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where hk,j(xτk ) = ‖x
τ
k − xj‖, the index j indicates j
th UWB
radar. mr is the total number of UWB radars.
In prediction step, target position state and existence prob-
ability are propagated to k scan by the EKF based propagator









The measurement selection step follows the prediction
step. Measurements zτk,i,j within certain probabilistic distance




k|k−1)− Zk,i,j) ≤ σ
(24)
whereZk,i,j denotes the ith measurement received from the jth










N (zτk,i,j; hk (x̄
τ
k|k−1),Sk|k−1) (25)
where lτk,i,j represents the i
th measurement likelihood from
the jth radar. With the measurement likelihood, the modulated












where Pηk,i,j is calculated in (14) for the j
th UWB radar
measurement.
In the data association, track likelihood ratio and data
association probabilities are calculated in (27) and (28) using




























In the track update step, the a-posteriori target existence
probability is updated with the track likelihood ratio in (18).
The a-posteriori pdf of target track state, p{xτk |χ
τ
k , Zk} is
calculated by the EKF estimator in (29). Then, the target
state and its covariance are merged with the data association
probability with the weighting coefficient in (30) and (31).
FIGURE 6. Conceptual illustration of the position-based MTT. ¬, ­, ®, and
¯ indicate the prediction, measurement selection, data association, and
track update steps, respectively.
The update step indicates that the objects T1 only within











































The msLM-IPDA follows the same procedure as the
LM-IPDA, but they have two main differences due to differ-
ent state vectors and linearity between the position vectors in
the msLM-IPDA and the distance vectors in the LM-IPDA.
First, the EKF as (23) and (29) in the msLM-IPDA is utilized
rather than the KF as (9) and (19) in the LM-IPDA. Second,
the msLM-IPDA computes the probability for measurements
from all UWB radars simultaneously in (25)∼ (31) while the
LM-IPDA computes the probability for measurements from
each UWB radar separately in (13) ∼ (21). The conceptual
illustration of the msLM-IPDA is demonstrated in Fig. 6.
III. NUMERICAL SIMULATION
Numerical simulations are evaluated to verify the perfor-
mance of the MTT system. Firstly, tracking performance is
performedwith the dilution of precision (DOP) to validate the
accuracy with respect to the UWB radar placement. The sec-
ond simulation is performed to investigate the performance
of the MTT algorithms.
The DOP is a term used in the Global Positioning Sys-
tem (GPS) to specify the position error as a mathematical
effect of satellite geometry on the accuracy of position mea-
surement [20]. The DOP value can be interpreted as the
output position error over the measured range error, as shown
in (32), (33), and (34).
A =
[
(x − x1) /r1 (y− y1) /r1
(x − x2) /r2 (y− y2) /r2
]
(32)
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FIGURE 7. DOP regarding distances between UWB radars.
FIGURE 8. Detection rate of the CA-CFAR.
FIGURE 9. Results of CA-CFAR detection in whole scans. (a) and (b) are












σ 2x + σ
2
y (34)
where xj and yj are the positions of jth UWB radar module,
HDOP is the horizontal DOP, which indicates 2D position
accuracy. The larger DOPmeans the worse position accuracy.
In the simulation, the distance between two UWB radars
varies from 0.5 meters to 4 meters to verify the effect of the
distance on the position accuracy. As shown in Fig. 7, DOP
value increases as the distance decreases, and the distance is
set as 4 meters.
The range measurement between two UWB radars and
trajectories of four targets includes 0.05 meters level of
Gaussian random noise. Then, CA-CFAR detection algo-
rithm is applied to determine the threshold of measured sig-
nals. The detection rate of the CA-CFAR detection regarding
to the signal-to-noise ratio (SNR) is demonstrated in Fig. 8.
The SNR of the input signals of the CFAR is about 40dB,
hence the detection rate is about 0.9. The result of the
CA-CFAR detection in whole scans are shown in Fig. 9.
TABLE 2. Parameters of CA-CFAR Detection and MTT Algorithm.
FIGURE 10. Tracked range error statistics. (a) is the result of range-based
MTT (LM-IPDA) and (b) is the result of position-based MTT (msLM-IPDA).
The desired parameters for the CA-CFAR in (2)-(4) and the
target tracking algorithm are specified in Table 2. The track-
ing performance of the position-basedMTT is compared with
the range-based MTT. Fig. 10 represents the error statistics
of the tracked range. Both algorithms can track the multiple
targets withoutmiss tracking. However, the range-basedMTT
shows large peak errors, and the phenomena frequently occur
when the measurements are crossing each other.
Fig. 11(a) is the 2D position tracking results of the posi-
tion and range-based MTT. The simulation has been per-
formed 100 times. Even if trajectories of four targets are
crossed each other, the position-based MTT can track the
multiple targets with more accurate and robust against clut-
ter environment than the range-based MTT. Fig. 11(b) and
Table 3 represent the statistical results of the position root
mean square error (RMSE) of each algorithm. As the result
shows, the position-based MTT can track the multiple targets
with more accurate and robust against clutter environments
than the range-based MTT.
IV. EXPERIMENTAL ANALYSIS
Tracking and positioning performance of both MTT algo-
rithms with UWB radars are experimentally investigated in
an 8m×6m indoor area with moving targets (humans) similar
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TABLE 3. 2D position error of the simulation.
FIGURE 11. 2D position tracking simulation result. (a) is the 2D position
tracking result by position-based MTT and range-based MTT. (b) is the
box plot for 2D position RMSE.
to the numerical simulation. The targets are initially separated
but moving along the cross trajectories. Amotion capture sys-
tem is utilized to measure the reference tracking position. The
parameters ofMTT algorithms are the same as the parameters
of simulation in Table 2.
Two Time Domain P440 UWB radars are used in bistatic
mode and separately placed with a distance of about 4 meters,
same as the DOP simulation in Fig. 6. Each UWB radar
has two BroadSpec antennas, one is for transmitting and the
other is for receiving the reflected signals from targets. The
two UWB radars are connected to a WLAN to control the
radars by using a control software through an UDP network.
Table 4 is the brief specifications and settings of the UWB
radar and antenna used for the experiment. Reflected signals
from both moving targets and clutters are measured by UWB
radar modules, and the target candidates are selected through
the preprocessing algorithm.
In the experimental analysis, two scenarios are considered:
scenario 1 is to track two moving targets in environment
TABLE 4. UWB radar specifications.
FIGURE 12. (a) and (b) are the raw reflected signals in whole scans,
measured by two UWB radars, respectively. (c) and (d) are the results of
the preprocessing algorithm.
including two obstacles and static clutters around the test
area; scenario 2 is to track four moving targets in environ-
ment including static clutters. The tracking performances of
the position-based MTT are compared with the range-based
MTT, the global nearest neighbor (GNN) algorithm [22], and
track oriented multiple hypothesis tracking (TO-MHT) [23].
A. SCENARIO 1
Fig. 12 shows the raw signals and the results of the
preprocessing algorithm in whole scans. The raw signals
in Figs. 12(a) and (b) include the antenna coupling signals
between transmitting and receiving antennas, reflected sig-
nals from targets, clutters, and obstacles. Figs 12(c) and (d)
show the results of the preprocessing algorithm. The prepro-
cessing algorithm can provide the distance measurements of
moving targets with some noise signals which are treated as
clutters in tracking algorithm.
Fig. 13 shows the tracking results of each method. The
GNN and the LM-IPDA have miss-tracking points, resulting
in large position errors. On the contrary, the msLM-IPDA and
the TOMHT can track the two targets without miss-tracking,
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FIGURE 13. 2D position tracking experimental result for two targets. (a) is
the 2D position tracking results by msLM-IPDA, LM-IPDA, GNN and
TOMHT. Star (∗) and circle (o) points illustrate target 1 and target 2,
respectively. (b) is the box plot for 2D position RMSE.
TABLE 5. 2D position tracking error of scenario 1.
but the msLM-IPDA is more accurate than the TOMHT.
Fig. 13(b) and Table 5 represent the position RMSE statistics.
The msLM-IPDA can track the multiple targets with less than
10 centimeters of mean error.
B. SCENARIO 2
Fig. 14 shows the results of the preprocessing algorithm in
the 51st scan from UWB radar 1. Fig. 14(a) shows the raw
reflected signals, and the KF static clutter reduction method
in (2) removes the static clutter signals and detects themoving
targets/clutters signals, as shown in Fig. 14(b). Fig. 14(c)
shows the result of the CA-CFAR detection in (3) to (6)
where black line is the envelop data; red line is the thresholds
in each window; and blue circles are the selected target
signal candidates. Consequently, Fig. 15 shows the raw
FIGURE 14. Example of 51st scan in UWB 1. (a) raw received signal.
(b) static clutter reduced signal (red line is the upper envelop of blue
line). (c) results of CA-CFAR detection.
FIGURE 15. (a) and (b) are the raw reflected signals in whole scans,
measured by two UWB radars, respectively. (c) and (d) are the results of
CA-CFAR detection from two UWB radars. Color bars beside each plot
represent the reflected signal strength in a relative level to transmitted
signals.
reflected signals and the target signal candidates in
whole scans.
As shown in Figs. 15(c) and (d), there are lots of crossing
points between each target and clutters. Therefore, the MTT
algorithms are applied to track the target positions using
the measured range data in the cluttered environments. The
tracked positions are compared with the reference positions
to verify the accuracy of the proposed system, as shown
in Fig. 16 and Table 6. Similar to the scenario 1, the tracking
performance of the position-basedMTT is compared with the
range-based MTT, GNN, and TOMHT.
Fig. 16(a) represents the 2D position tracking experimen-
tal results by the msLM-IPDA, the LM-IPDA, GNN, and
TOMHT, respectively. In case of the GNN and the LM-IPDA,
there are several miss-tracking points because the algorithms
miss-track the distance between the targets and the UWB
radars. On the other hands, the msLM-IPDA and the TOMHT
can track the multiple targets with reasonable performance.
However, the TOMHT miss-tracks the target 4.
VOLUME 8, 2020 227169
M. Shin, H. Son: msLM-IPDA for UWB Radar
FIGURE 16. 2D position tracking experimental result for four targets. (a) is
the 2D position tracking result by msLM-IPDA, LM-IPDA, GNN and TOMHT.
Star (∗), circle (o), plus (+), and diamond (♦) points illustrate target 1, 2,
3, and 4, respectively. (b) is the box plot for the 2D position RMSE.
TABLE 6. 2D position tracking error of scenario 2.
Fig. 16(b) shows the statistical results for performance val-
idation. The RMSE of each target are less than 0.2meters, and
the standard deviations are less than 0.1 meters in case of the
position-basedMTT. The result shows that the position-based
MTT is the most accurate and robust MTT algorithm among
the compared MTT techniques.
TABLE 7. Success rate of target tracking algorithms.
As a result, the success rates of each tracking algorithm are
identified in Table 7. The position-based MTT can track the
multiple moving targets with the largest success rate among
all tracking algorithms.
V. CONCLUSION
There are several challenges for multiple moving target
tracking using multi-static UWB radar system such as clut-
ter signals from undesired sources, and unknown number
and behavior of multiple moving targets. This paper pro-
posed a multiple moving target tracking algorithm which
includes preprocessing step and MTT step. Preprocessing
step which includes static clutter reduction and CFAR detec-
tion is applied to extract the target candidate range measure-
ments. For MTT step, this paper investigated the tracking
performances of the range-based and position-based MTT
algorithms. For the range-basedMTT, multiple LM-IPDA are
used for tracking range between targets and each UWB radar,
then the tracked ranges from each LM-IPDA are utilized to
estimate positions of targets in the positioning center. For the
position-based MTT, on the other hands, this paper proposed
msLM-IPDA for robust and accurate tracking. Numerical
simulations and experimental analyses are carried out to ver-
ify the multi-target tracking performance of two approaches.
In addition, the comparative analyses are investigated with
two other tracking algorithms: GNN and TOMHT. Two
UWB radar modules are used for transreceiver operation and
placed at various distances. The position tracking results are
compared with the trajectories from motion capture system.
The msLM-IPDA shows accurate and robust performance in
noisy environments. The UWB radar system has less than
0.2 meters of position tracking errors without any miss detec-
tion even if the trajectories of multiple targets are crossing
each other. The proposed algorithm can be applied not only
the UWB radar system, but also other multi-static passive
radar systems such as a sonar system.
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